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Historically, story understandingystemshave dependedn a greatdeal of hand-craftecknowl-
edge. Naturallanguagaunderstandingystemshat useconceptuaknowledgestructuredSA77,
Cul78,Wil78, Car79,Leh81,Kol83] typically rely on enormousamountsof manualknowledge
engineering.While muchof the work on conceptuaknowledgestructurehasbeenhailedaspi-
oneeringesearchn cognitive modelingandnarratve understandingrom a practicalperspectie
it hasalsobeenviewedwith skepticismbecausef the underlyingknowledgeengineeringottle-
neck. Thethoughtof building a large-scaleconceptuahaturallanguaggrocessingNLP) system
thatcanunderstanapen-endedext is dauntingevento the mostardententhusiastsSo mustwe
grit our collectve teethandassumehat story understandingvill belimited to prototypesystems
in the foreseeabléuture? Or will conceptuahaturallanguagerocessingiltimatelydependon a
massve, broad-scalenanualknowledgeengineeringeffort, suchasCYC [LPS86]?

Perhapghe answellies in the currenttrendsof informationextraction research.Information
extraction(IE) is aform of naturallanguageprocessingn which certaintypesof informationmust
berecognizedndextractedfrom text. AlthoughlE systemsaretypically designedor asingledo-
main,thereis a greatdealof interestin building systemdhatareeasilyportableto new domains.
Mary researcherare developing methodsto acquirethe necessaryglomain-specifikknowvledge
automatically The goalis not necessarilyto producea general-purposenformation extraction
systemput to createtoolsthatwould allow usersto build customizednformationextractionsys-
temsquickly.

If the IE researcherare ultimately successfulwe could imaginebeingableto create,quite
literally, anlE systent‘'du jour” thatis tailoredto ourintereston ary givenday. Anotherpossible
future scenariois to assemble large suite of IE systemsgachbeinga specialistin extracting
informationpertainingto its own areaof expertise.Collectively, thesuiteof systemsouldsupport
conceptuahaturallanguagaunderstandingapabilitiesjf not for every subjectthenat leastfor a
wide varietyof subjects.

Onthe surface,informationextractionmight appearo be fundamentallydifferentfrom story
understandingAnd thereare someimportantdifferencedetweernthesetasks.But we will ague
thatthe challengesanddifficultiesunderlyingthemarelargely the same.A corollary of this view
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is thatautomatedknowledgeacquisitiontechniqueslievelopedor informationextractionarelik ely
to be applicableto story understandingswell. In this chapterwe will explain how researchn
informationextractionmaybeasignificantsteppingstonetoward progressn storyunderstanding.
We will discussemepingtrendsin theinformationextractioncommunity drav parallelsbetween
the two typesof naturallanguageunderstandinganddescriberecentresearchn automatedtase
framegeneratiorfor informationextraction.

1 Information Extraction

1.1 What is information extraction?

Informationextractionis a subfieldof naturallanguageprocessinghatis concernedvith identi-
fying predefinedypesof informationfrom text. For example,an informationextractionsystem
designedor aterrorismdomainmight extractthe namesof perpetratorsyictims, physicaltarmgets,
weaponsgdatesandlocationsof terroristevents.Or aninformationextractionsystemdesignedor
abusinesglomainmight extractthe namesf companiesproductsfacilities,andfinancialfigures
associateavith businessactvities.

Naturallanguageunderstandings crucial for mostinformation extractiontasksbecausehe
desirednformationcanonly beidentifiedby recognizingconceptuatoles.We usetheterm*“con-
ceptualrole” to referto semantiarelationshipghat are definedby the role that anitem playsin
contet. For example,extractingnoun phrasedhat refer to peoplecan be donewithout regard
to contet by searchingor personnamestitles, andpersonapronounssuchas“Mary,” “John}
“Smith,” “Mr.,” “she} and“him.” Contetual informationmay be necessaryor word sensedis-
ambiguation(for example,distinguishingthe person“John Hancock”from the compary “John
Hancock”),but thatis a separatéssue.

In contrastsomesemantiaelationshipsaredefinedby therole thatanitem playsin alarger
concept. For example,“perpetrator’and“victim” are conceptualolesrelatedto the conceptof
crime. One cannotidentify perpetratorsand victims simply by looking at names. “John Doe”
couldbeaperpetratoin onecontext but avictim in anotherIn bothcasesJohnDoe” is aperson,
but his role asperpetratoor victim depend®ntirelyon thesurroundingcontext.

Similarly, onecanidentify mary companiesy searchingor known compaly namessuchas
“IBM,” andcapitalizednounphrase®ndingwith “Inc.,” “Co.,” or “Corp.” Butit is impossibleto
identify companiesnvolvedin amemgersimply by searchingor compary names.Thesurrounding
context determineghe conceptuakole of the compary. For example,“XYZ Corp’ might be
involvedin ameiger, ajoint venture anacquisition,or acharityeventdependingnits rolein the
largercontext. Understandingonceptuatolesis essentiafor thesetypesof problems!

Mostinformationextractionsystemsisesomeform of extractionpatternto identify potentially
relevantinformation. For example the pattern<subject> wasbombedmight be usedto identify
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bombingtamgets. Wheneer a passve form of the verb “bombed” is encounteredthis pattern
extractsthesubjectof theverbasabombingtarget. Someextractionpatternsaremorecomplicated
thanothers but mostextractionpatternsanbe viewed assimplecaseframes.Eachcaseframeis

activatedby specificlinguistic expressiongndthenextractssurroundingphrasesassilotfillers.

To illustrate, Figure 1 shovs a murdercaseframewith multiple slots. This caseframeis ac-
tivatedby the word “murdered”wheneer it appearsasa passve verh The caseframe contains
threeslotsto extracta victim, perpetratgrandweapon(instrument).Eachitem is extractedfrom
a differentsyntacticconstituenin the clause.For example,the subjectof the verbis extractedas
themurdervictim andtheobjectof the prepositiorfby” is extractedasthe perpetratarSelectional
restrictionsareoftenusedto checkthatanextracteditem satisfiesertainsemanticonstraintsFor
example the%MURDERED% casdramerequiresvictims andperpetratorso behuman.Through-
out the restof this article, we will referto extractionpatternsand caseframesinterchangeably
with theunderstandinghatcaseframesfor othertasksmaybe significantlymorecomplex.

Name: %MURDERED%

Event Type: MURDER

Trigger Word: murdered

Activating Conditions: passve-verb

Slots: VICTIM <subject> (humar)
PERPETRATOR <prep-phrasehy> (humarn
INSTRUMENT < prep-phrasewith> (weapon

Figurel: A caseframefor informationextraction

The component®f aninformationextractionsystemvary dependingon the approactthatis
used pbut mostlE systemgperformpart-of-speeckagging,partialparsingsemantianterpretation,
caseframeinstantiation,andsomesort of discourseanalysis.Much of the work on information
extractionhasbeenfosteredhroughaseriesof messagenderstandingonferenceMUCS) spon-
soredby the U.S.governmeni(e.g.,see[MUC93, MUC92, MUC91]).

1.2 The messagainderstandingconferences

Sincethelate 19805, the U.S. governmenthasbeensponsoringiessagdJnderstandingconfer

encegMUCSs)to evaluateandadwancethestate-of-the-aiin informationextraction.In thelastfew

yearsthesemessagenderstandingonferencesave grown in participation,scope andvisibility.

The MUCs arecompetitve performancevaluationsnvolving a setof participantdrom different
sites,usuallya mix of academiandindustrialresearchabs. Eachparticipatingsite builds anIE

systemfor a predeterminediomain. The IE systemsareall evaluatedon the samedomainand
text collection,andtheresultsarescoredusinganofficial scoringprogramdevelopedby theMUC

organizers.

The messageinderstandingonferencesreespeciallynotevorthy becausehey representhe
first large-scaleeffort to evaluatenaturallanguageprocessingystems. The questionof how to



evaluateanNLP systems anon-triial issue sothedevelopmenbf standardcoringcriteriawasa
worthwhile contributionin its own right. Evaluationis acomplicatecandsometimesontroversial
issue,but the MUC scoringprogramandcriteriarepresentsnimportantfirst stepin confronting
this problem.

The MUC meetingsarealsoimportantasa forum for comparingthe performancef different
NLP technique®n a uniformtaskandtext collection.Until theseconferencesnostNLP systems
were developedin isolation and designedfor their developers favorite domain. The message
understandingonferencebave senedasa platformfor comparingandcontrastinglifferentNLP
approache®n equalfooting. Furthermorethe MUC tasksinvolve real, unconstrainedext —
primarily news wire articles. The messageinderstandingonferencefave playedan important
rolein pushingthe NLP communitytowardrealistictext applications.

Oneof the mostinterestingaspect®f theseconferencesasbeenthe evolution of IE systems
over theyears. Initially, therewasa greatdealof variationacrosssystemsyepresenting broad
rangeof naturallanguagegprocessindechniquesBut overtime, the IE systemscornvergedsothat
mostIE systemdodaysharerelatively similar architecturesnd approachesMany lessonshave
beenlearnedaboutthe strengthsandweaknessesf varioustechniques.In the next section,we
suney someof themostnotabletrendsin theinformationextractioncommunityandexplain their
relationshipto issuesn storyunderstanding.

2 Trendsin Information Extraction

As historianswell know, watchingthe evolution of a field often providesvaluableinsightsinto
the natureof its problemsand possiblesolutions. Soit is usefulto take a stepbackevery once
in awhile andreflecton generaldirectionsthat have emegedover time. We will discussthree
suchtrendsin informationextraction: a corvergencetoward partial parsing,a healthyrespector
discourseanalysis,andan emphasion automateknowledgeacquisition. It would be presump-
tuousto claim thatthesearethe only trendsthat have taken placein thefield, but thesethreeare
particularlyinterestingfrom the perspectie of conceptuahaturallanguageprocessingndstory
understanding.

2.1 Partial parsing

Oneof the mostobvioustrendsin the [E communityhasbeena corvergencetoward partial pars-
ing techniques.In 1991,the systemgresentedt the Third MessagdJnderstandingConference
(MUC-3) reflecteda wide variety of parsingtechniques. Somesystemswere groundedin lin-
guistic theoryand attemptedo generatea completeparsetree for eachsentencen a text (e.g.,
[DLW191, GSM91, MSBS91]).At theotherendof thespectrumthe TTS system{DGCN91]did
virtually no syntacticanalysisat all. Thediversityof syntacticapproachesvasquite remarkable,
runningthe gamutfrom full syntacticparsingto practicallyno syntacticparsingandeverythingin
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between.

As thefield maturedthe syntacticcomponent®eganto look increasinglyalike. Today almost
all IE systemsusepartial parsingtechniquesEventhe mostlinguistically-orientedE researchers
have reluctantlyacceptedhat, for the informationextractiontask at least,the potentialbenefits
of full parsingareusuallyoverwhelmedy the extra overheadandlack of robustnessRealnews
articlesposemajor challengedor syntacticparsingbecausef ungrammaticatext, comple< and
lengthygrammaticatonstructsandmassve ambiguity

For informationextraction,the informationbeingsoughtcanoften be identifiedby searching
asingleclauseor phrase.Theremainingclausesandphrasesnay beignoredbecausé¢hey do not
containrelevantinformation.For example considetthe sentencéelowv, whichis thefirst sentence
of aMUC-3 text.

IN AN ACTION THAT IS UNPRECEDENTED IN COLOMBIA’S HISTORY OF VIOLENCE,
UNIDENTIFIED PERSONS KIDNAPPED 31 PEOPLE IN THE STRIFE-TORN BANANA-
GROWING REGION OF URABA, THE ANTIOQUIA GOVERNOR’S OFFICE REPORTED
TODAY.

Therelevantinformationin this sentences that unidentifiedpersonsidnapped31 peoplein
theregion of Uraba. Therestof the sentenceanbe effectively ignored. Simply looking for the
pattern<X> kidnapped <Y > in <Z> will identify the perpetratorsyictims, andlocation.

For informationextraction,generatingcompleteparsetreeshashadminimal reward thusfar.
Researchersommittedto full syntacticparsingmight offer the explanationthatinformationex-
tractiondoesnot requirefull naturallanguagerocessingapabilitiesbecausenly specifictypes
of informationneedto be recognized.Thereis somevalidity to this agumentsince,by defini-
tion, informationthatis not relevantto the domaincanbe safelyignored. However, determining
whichinformationis relevantis notalwayseasyandsimplepatternrecognitionis notenough For
example,considerthefollowing sentences:

Themayorwaskilled by FMLN guerrillas.

Themayorwaskilled by a burglar.

Themayorwaskilled by armedmen.

Themayorwaskilled by armedmenbelongingto the FMLN.
Themayorwaskilled by armedmenduringa hold-upin a cornveniencestore.

Themayorwaskilled by armedmenin retaliationfor thearresiof aprominent-MLN leader

N oo o M 0w bdoPRE

Themayorwaskilled andthe FMLN claimedresponsibilityfor themurder
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In the first 6 sentencesthe perpetratorcan be extractedusing the simple patternkilled by
<X>. In sentenceétl, the word “FMLN” identifiesthe perpetrator@asterroristsso this murder
wasclearlyterroristin nature.ln sentence#2, theword “burglar” suggests criminal robberythat
wasprobablynot terroristin nature.But the perpetratorsn sentence#3,4,5,and aredescribed
only as“armedmen” Determiningwhetherthey areterroristsor not requiresinformationfrom
elsavherein thesentenceAnd in sentencét7,thereis no specificreferenceo a perpetratoatall,
butthesecondlausestateshataterroristorganizatiorhasclaimedresponsibilityfor themurderso
we caninfer thatthe FMLN is the perpetratar Thesesentenceslustratethatidentifying relevant
informationcanbe quite complicated.In mary casesl|ocal patternsaarenot enoughandthe entire
sentencanustbe understood.And sometimesnferencesmustbe generatedcrosssentencesr
evenparagraphslnferencecanbe essentiain determiningthe relevanceof aneventor a pieceof
information.

Giventhesedifficulties,onemight think thatmoresyntacticanalysisis needed But syntactic
analysishasbeenrelggatedto arelatively minorrole in mostinformationextractionsystemsCon-
ceptactivationandinstantiationarethe centralactvities. Syntaxis usedto mapsyntacticrolesto
conceptualolesin caseframes,but this is usuallyaccomplishedvith a fairly shallav syntactic
analysis.The domain-specifiexpressionghatactivatea caseframeandthe conceptuatolesde-
fined by a caseframearethe key elementghatidentify potentiallyrelevantportionsof text. The
caseframesarearguablythe mostcrucialcomponentf anlE systemwithoutthe caseframesno
informationwould be extractedat all.

For mostIE tasksdiscourserocessings alsocruciallyimportantto thesuccessf thesystem.
As we will describen the next section,discourseprocessinganbe especiallychallengingwhen
thediscourseanalyzemasonly partialinformationto work with. Full parsetreesanddeepersyn-
tacticanalysisvould surelyprovide morecluesto aid discourseanalysis.But conceptuaanalysis,
domainknowledge ,andmemoryorganizatiorarestill atthe heartof thediscourseproblem.

2.2 Discourseanalysis

Perhapsneof the mostsoberingresultsof the messageinderstandingonferencesiasbeenthe
realizationthat discourseanalysisof written text is a wide openproblem. While therehasbeen
substantialvork on analyzingspolen discoursetherehasbeenmuchlesswork on written dis-
course.Furthermoremostdiscourseheoriesdependon large amountsof world knowledge,and
have not beentestedempirically on large text collections. Realtexts aretypically moreirregular
andarbitrarythanmostdiscourseheoriesexpect.

In generaldiscoursegrocessingf writtentext involvestrackingeventsandobjectsandunder
standingherelationshipbetweerthem.Anaphoraesolutions onesuchproblem whichincludes
resolvingpronounspropernouns,anddefinitenounphrasesTopic recognitionandsegmentation
is anotherkey problem.For example,considethe MUC-4 text shovn in Figure?2.

This text describesa seriesof terroristattacksin protestof the murderof the group’s leadey
BernardoJaramilloOssa. Thefirst paragraph%entionsboth the terroristattacksand Jaramillos



(1) MEMBERS OF THE 8TH FRONT OF THE SELF-STYLED REVOLUTIONARY ARMED FORCES OF
COLOMBIA [FARC] HAVE CARRIED OUT TERRORIST ATTACKS IN SOUTHERN CAUCA DEPART-
MENT TO PROTEST PATRIOTIC UNION [UP] PRESIDENTIAL CANDIDATE BERNARDO JARAMILLO
OSSA’S MURDER.

(2) THE FARC MEMBERS BLEW UP A POWER SUBSTATION AND A POWER PYLON IN SAJANDI, LA
FONDA CORREGIMIENTO. THE GUERRILLAS ALSO BURNED THREE VEHICLES ON THE PAN-
AMERICAN HIGHWAY— A BALBOA HOSPITAL AMBULANCE, A FUEL TRUCK CARRYING 3,000
GALLONS OF GASOLINE, AND A STATION WAGON. A LARGE SECTION OF EL PATIA VALLEY
WAS LEFT WITHOUT ELECTRICITY.

(3) THROUGH SEVERAL TELEPHONE CALLS TO THE POPAYAN MEDIA, THE 8TH FARC FRONT DE-
CLARED THE PAN-AMERICAN HIGHWAY A MILITARY TARGET DURING THE NEXT 48 HOURS
IN ORDER TO DEMAND THAT THE GOVERNMENT INVESTIGATE AND ARREST THOSE WHO ARE
TRULY RESPONSIBLE FOR JARAMILLO’S MURDER.

(4) TRANSPORTATION SERVICES BETWEEN [WORD INDISTINCT] AND PASTO IN SOUTHERN COLOM-
BIA HAVE BEEN SUSPENDED AS A RESULT OF THE TERRORIST ATTACKS, WHICH BEGAN AT 0300
TODAY.

(5) POLICE AND 3D INFANTRY BRIGADE MEMBERS WERE DEPLOYED TO THE AREAS WHERE THE
8TH FRONT OF THE SELF-STYLED REVOLUTIONARY ARMED FORCES OF COLOMBIA BLOCKED
TRAFFIC. THE 8TH FARC FRONT MEMBERS SAID THEIR MILITARY ACTIONS ARE AIMED AT
DEMANDING THE CLARIFICATION OF UP PRESIDENTIAL CANDIDATE BERNARDO JARAMILLO’S
MURDER.

(6) THE POPAYAN POLICE DEPARTMENT CONFIRMED THAT THE ATTACKS TOOK PLACE ON THE PAN-
AMERICAN HIGHWAY AND AT LA FONDA CORREGIMIENTO, PATIA MUNICIPALITY.

(7) GOVERNOR FERNANDO IRACONI SAID THAT THE REGIONAL SECURITY COUNCIL WILL MEET
IN POPAYAN IN A FEW MINUTES TO ASSESS THE MOST RECENT TERRORIST ATTACKS AND TO
ADOPT THE NECESSARY MEASURES.

Figure2: A SampleMUC-4 text



murder soit is importantto recognizethat his murderis a separatencident. The secondpara-
graphdescribeghe terroristattacks,which include bombingsand burningsin severallocations.
Whetherthesebombingsandburningsaredistinctincidentsor a single, collective incidentis an
interestingquestiomaswell. Thethird andfifth paragraphagainmentionboththeterroristattacks
andJaramillos murder This text illustrateshow evenrelatively short,cohesve texts canrefer
encemultiple eventsthatmaybe easilyconfusedKeepingtrack of the separaténcidentsrequires
eventtrackingto assigreachpieceof informationto theappropriatencident,andconsolidatiorto
combinedifferentpiecesof informationandmeige multiple referenceso the samenformation.

At firstglance jt mightappeathatdiscoursenalysiss simplerfor informationextractionthan
for generaktoryunderstandingecausenly certaintypesof objectsandeventsneedo betracked.
But in somewaystheproblemis morechallengingoecaus¢hediscourseanalyzeasto doits job
without completeknowledge.Most IE systemsextractinformationin a piecemeafashionsothat
only relevant text segmentsare recognizedand sazed. Consequentlythe outputrepresentation
may not includeinformationthatis crucial to distinguishevents. For example,considerthe first
paragraplof thetext in Figure2. An IE systemmight extractthefollowing piecesof information:

(&) MEMBERS OF THE 8TH FRONT OF THE SELF-STYLED REVOLUTIONARY ARMED FORCES OF COLOM-
BIA [FARC] HAVE CARRIED OUT TERRORIST ATTACKS

(b) TERRORIST ATTACKS IN SOUTHERN CAUCA DEPARTMENT

(C) PATRIOTIC UNION [UP] PRESIDENTIAL CANDIDATE BERNARDO JARAMILLO OSSA’S MURDER

Givenonly thesesentencéragmentspnecouldeasilyinfer thatJaramillos murderwasoneof the
terroristattacks.The key phrasé‘to protest”would probablynot be extractedbecausegprotesting
is not usuallyassociateavith terrorism. It is unlikely thata terrorismdictionarywould containa
caseframeto recognizehis expression But the phrasée‘to protest”is essentiato understandhat
themurderhappenegbrior to the attacksreportedn thearticle.

Theseexamplesemphasizehefine line betweerninformationextractionandgeneralstory un-
derstanding.It is easyto aguethat IE systemswill always suffer from a ceiling effect if they
operatewith tunnelvision anddo not procesgortionsof thetext thatdo notappeato bedirectly
relevantto thedomain.On the otherhand,it would be self-defeatingo adoptthe attitudethatwe
shouldnot attemptto build IE systemauntil the naturallanguagaunderstandingroblemhasbeen
completelysolved. Thereis awide spectrunof languagegrocessingechniqueswith shallov text
understandingt oneendanddeeptext understandingt the other Choosingwhereonewantsto
sit onthis spectrums a centralissuewhendesigninga text analyzer

Part of the difficulty with discoursgprocessingtemsfrom the factthatit dependseavily on
world knowledge.Soit is not surprisingthatoneof the emeging trendsin informationextraction
involvesdevelopingtechniquedo automatethe acquisitionof discourseknowledge. In the next
section,we overview the generaltrendtoward automatedknowledgeacquisitionfor information
extractionsystems.



2.3 Automated knowledgeacquisition

The first generatiorof information extraction systemsrelied on a tremendousamountof hand-
codedknowledge. Considerthe UMass/MUC-3system[LCF"91a], which wasdesignedor the
MUC-3 terrorismdomain. The UMass/MUC-3systemusedthreeprimary knowledgebases:a
hand-codedexicon, hand-codedaseframes,and hand-codedliscoursaules. The lexicon con-
tainedover5000wordswhichweretaggedwith parts-of-speeclsemantideaturesandafew other
typesof linguistic information. The lexicon wasengineeredpecificallyfor theterrorismdomain,
soonly tagsassociateavith terrorismwereused.For example,theword “party” wastaggedasa
nounbut notasaverb,andits only semantidagcorrespondetb thepolitical partyword senseand
notthecelebratiorsense.

The dictionary of extraction patternscontained389 caseframesdesignedio extract perpe-
trators,victims, targets,andweapons.Initially, the caseframesrepresentedimple patternsand
phraseshut overtime someof thembecauseguitecomplex. For example the %K 1DNAP-CAPTURE%
casdrameoriginally representetheexpression< X > captured <Y >, whereX is extractedasthe
perpetratoof akidnappingandY is extractedasthevictim. However, this caseframefrequently
misfiredfor eventssuchaspolice arrestsandprisonerescapesAfter repeatednodificationsthe
activating conditionsfor this caseframeevolvedinto a comple functionthatrequiredX to bea
terroristor anorganizationput notacivilian or alaw enforcemenagentandrequiredY notto be
aterrorist,a prisoney or anorganizatior?

Anothermajorcomponenbf theUMass/MUC-3systemwasarule basefor discoursenalysis.
The UMass/MUC-3systenmwasorganizedasa pipelinedsystemconsistingof two mainmodules:
sentencanalysisand discourseanalysis. The sentencenalyzer CIRCUS [Leh9]], performed
a shallov syntacticanalysisof eachsentenceand producednstantiatedcaseframes. Eachsen-
tencewas processedndependentlyof the others. The discourseanalyzerwas thenresponsible
for putting the piecesbacktogether SinceCIRCUSextractsinformationin a piecemeafashion,
discoursgrocessingnvolvesnot only figuring out how onesentenceelatesto anothey but also
how caseframesactivatedin the samesentenceelateto oneanother The discourseanalyzerad
mary jobs, including coreferenceesolution(pronounsand noun phrases)caseframe meging,
eventsggmentationandrelevancefiltering. Domain-specificulesfor all of theseproblemswere
manuallyencodedn the system.

The UMass/MUC-3systemwas an exercisein manualknowledge engineering. While the
systemperformedwell in MUC-3 [LCF"91H, it took a tremendouamountof time, enegy, and
expertiseto make it work aswell asit did. And the UMasssystemwasno exception— virtually
all of thesystemghatperformedwell in MUC-3 requiredmary person-monthsf manuallabor.

So it is not surprisingthat thereis stronginterestin developingtechniqueso acquirethe
necessarndomain-specifikknowledge automatically Sereral systemshave beendevelopedto
generatalomain-specifiextractionpatternsautomaticallyor semi-automaticallyHuf95, KM93,
Ril96a,SFAL95]. Therehave alsobeeneffortsto automatevariousaspect®f discoursgrocessing
[AB95, ML95, SL94. And someresearcherbave usedthe informationextractionframework to

focusongeneralssuesassociatedvith lexical acquisition[Car93,HL94].
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In thenext sectionwe presentur effortsto automaticallygenerateaseramesfor information
extraction. We describea systemcalled AutoSlogthat was one of the first dictionary construc-
tion systemsdevelopedfor informationextraction. AutoSloggenerategxtractionpatternsusing
a speciallyannotatedraining corpusasinput. We then explain how AutoSlogevolvedinto its
successQAutoSlog-TSwhich generatesxtractionpatternsvithoutanannotatedrainingcorpus.
AutoSlog-TSneedsonly a preclassifiedext corpusconsistingof relevantandirrelevant sample
texts. AutoSlog-TSrepresenta majorsteptowardbuilding conceptuatiictionariesrom raw text.
We have usedthe caseframesgeneratedby AutoSlog-TSfor bothinformationextractionandtext
classificationtasksto demonstratéhattools andtechniquesievelopedfor informationextraction
canbeusefulfor othernaturallanguagerocessingasksaswell.

3 Automatically Generating CaseFramesfor Information Ex-
traction

Oneof the mostsubstantiabottlenecksn building an informationextractionsystemis creating
thedictionaryof domain-specifiextractionpatterns Aimostall of the|lE systemgpresentectthe
messageinderstandingonference$fiave relied on hand-craftedcaseframes. Recently however,

therehave beenseveralefforts to automatehe acquisitionof extractionpatterns.

Two of theearliestsystemdo generatextractionpatternsautomaticallywereAutoSlog[Ril93]
andPALKA [KM93]. More recently CRYSTAL [SFAL95] andLIEP [Huf96] have beendevel-
oped. All of thesesystemsusesomeform of manuallytaggedtraining dataor userinput. For
example AutoSlogrequiregext with speciallytaggednounphrasesCRY STAL requiregext with
speciallytaggednoun phrasesas well asa semantichierarchyand associatedexicon. PALKA
requiresmanuallydefinedframes(including keywords),plus a semantichierarchyandassociated
lexicon, anduserinputis sometimesieededo resole competinghypothesesLIEP usesprede-
finedkeywordsandobjectrecognizersanddepend®n userinteractionto assignan eventtypeto
eachrelevantsentence.

Defining extraction patternsby handis time-consumingtedious,and proneto errorsand
omissionssoall of thesesystemgepresenimportantcontributionsto automatedlictionarycon-
struction. The knowledge-engineeringpottleneckhasnot beeneliminatedyet, but it hasbeen
greatlyreducedand simplified. For example,it took approximatelyl500 person-hourgo build
the UMass/MUC-3dictionaryby hand,but it took only 5 person-hour$o build a comparablelic-
tionary usingAutoSlog(givenan appropriateraining corpus)[Ril96a]. Furthermorepnly mini-
mal expertiseis neededo generatea dictionary Defining caseframesby handrequiresworking
knowledgeof thedomain,naturallanguageprocessingandthe underlyingsentencenalyzey but
generatinga training corpusrequiresonly knowledgeof the domain. In essencethe knowledge-
engineeringeffort hasshiftedfrom the handsof NLP specialistdo the handsof domainexperts,
whichis morerealisticfor mostapplications.

First, we describethe AutoSlog dictionary constructionsystemthat createsdomain-specific
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extractionpatternausinganannotatedrainingcorpus.Next, we describdts successgAutoSlog-
TS, which createsxtractionpatternsusingonly raw text. AutoSlog-TSreduceghe knowledge-
engineeringottleneckevenfurtherby eliminatingthe needfor specializedrainingdata. Finally,

we describeaxperimentakesultswith AutoSlog-TSfor bothinformationextractionandtext clas-
sification.

3.1 AutoSlog: generatingcaseframes fr om annotatedtext

In retrospectwe realizedthat the manualdictionary constructioneffort for the UMass/MUC-3
systemwasremarkablystraightforvard. The procesgienerallyinvolvedtwo basicsteps:

1. Obseneagapin thedictionaryby identifyinga nounphrasehatshouldhave beenextracted
but wasnot.

2. Find a key word in the sentencehat identifiesthe conceptuatole of the nounphraseand
definea caseframethatis activatedby thatword in the sameinguistic context.

For example,considetthefollowing sentence:
THE GOVERNOR WAS KIDNAPPED BY TERRORIST COMMANDOS.

Thegovernorshouldbe extractedasa kidnappingvictim, andthe terroristcommandoshouldbe
extractedasthe perpetratorsif eitherof thesenounphrasess not extractedby a caseframe,then
theremustbeagapin thedictionary

Supposehatthe governoris not extracted. Thenthe key questionis what expressiornshould
have extractedit? The word “kidnapped”clearly suggests relevantincident(a kidnapping)so
“kidnapped”shouldtrigger a kidnappingcaseframe. To recognizethat the governorplayedthe
conceptuatole of thevictim, thekidnappingcaséramemusthave avictim slotthatis filled by the
subjectof the passve verb“kidnapped:. In essencethe caseframemustrepresenthe expression:
<X> waskidnapped.

Similarly, supposethat the terroristcommandosvere not extracted. Again, the word “kid-
napped”is the key word that suggests relevantincidentand shouldtrigger a kidnappingcase
frame. Theterroristcommandoshouldbe assignedo the conceptuatole of the perpetratoand,
since“terroristcommandosis the objectof the prepositionby”, the caseframeshouldrepresent
theexpressiorwaskidnapped by <Y >.

AutoSlogwasdesignedo mimic this process.As input, AutoSlog needsa setof texts and
nounphraseghat shouldbe extractedfrom thosetexts? The nounphrasesnustbe labeledwith
their conceptuatole andeventtype. For example,in the previous example“the governor”should
belabeledasa victimin akidnappingeventandthe “terroristcommandosshouldbelabeledasa
perpetator in akidnappingevent. Figure3 shcvlvi whatanannotatedext would look like.



I T WAS OFFI Cl ALLY REPORTED THAT A POLI CEMAN WAS WOUNDED TODAY WHEN
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Figure3: An annotategentencdor AutoSlog

Giventhis trainingdata,AutoSloggenerates caseframeto extracteachtaggednounphrase.
In theory it would make sensdor caseframesto extractmorethanoneobject,but for simplicity
AutoSlogis restrictedto single-slotcaseframesthat extract only a single object. AutoSloguses
a small setof heuristicrulesto decidewhat expressionshouldactivatethe caseframe,andfrom
which syntacticconstituenthe slot shouldbefilled. Figure4 shows the heuristicrulesusedby
AutoSlog,with examplesrom theterrorismdomain.

Linguistic Pattern Example

<subject> active-verb <perpetratar bombed
<subject> passve-verb <victim> wasmurdered
<subject> verb infiniti ve <perpetratas attemptedo kill
<subject> auxiliary noun <victim> wasvictim
active-verb <direct-object> bombed<tamget>

infiniti ve <dir ect-object> tokill <victim>

verb infiniti ve <dir ect-object> threatenedo attack<tamget>
gerund <dir ect-object> killing <victim>

noun auxiliary <direct-object> fatality was<victim>

noun preposition <noun-phrase> bombagainsi<tamget>
active-verb preposition<noun-phrase> | killed with <instrument
passve-verb preposition <noun-phrase> | wasaimedat <tamget>

Figure4: AutoSlogheuristicsandexamplesrom theterrorismdomain

Given a sentenceand a taggednoun phrase,AutoSlogfirst calls a sentenceanalyzey CIR-
CUS[Leh97], to analyzethe sentenceyntactically AutoSlogneedsonly a flat syntacticanalysis
thatrecognizeslauseboundariesandidentifiesthe subject,verb, directobject,andprepositional
phraseof eachclause.Soalmostary parsercould be used. AutoSlogfindsthe clausethat con-
tainsthetargetednounphraseanddeterminesvhetherit wasthe subjectthedirectobject,or in a
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prepositionaphrase.The heuristicrulesaredividedinto threesets,dependingiponthe syntactic
typeof thetargetednounphrase Theappropriategulesareinvoked,andtherule thatmostclosely
matcheghe currentcontext is allowedto fire (i.e., therule with thelongestpattern).For example,
considerthefollowing sentence:

TheU.S.embassyn Bogotawasbombedyesterdayy FMLN guerrillas.

SupposdahatU.S.embassyvastaggedasa bombingtargetand FMLN guerrillas wastagged
asa perpetratar Given U.S.embassyasthe tagetednoun phrase AutoSlogfirst calls CIRCUS
anddetermineghat U.S. embassys the subjectof the sentence.The subjectrules areinvoked
andthe pattern<subject> passve-\erb fires. This patternis matchedagainstheinput sentence
and a caseframeis constructedo representhe expression<target> was bombed This case
frameis actvatedby passve forms of the verb “bombed” andextractsthe subjectasa bombing
target. Similarly, given FMLN guerrillas asthe tamgetednoun phrase AutoSlogdetermineghat
it wasin a prepositionaphraseandthe prepositionaphraserulesareinvoked. AutoSlogusesits
own simple pp-attachmenalgorithmto decidewherea prepositionaphraseshouldbe attached.
In this case FMLN guerrillas shouldattachto the verb“bombed”and AutoSloggenerates case
frameto representhe expressiorwas bombedby <perpetrator>. This caseframeis activated
by passve formsof theverb“bombed”andextractstheobjectof the prepositior'by” asabombing
perpetratar

It is importantto note that the input consistsof a sentenceandtaggednoun phraseswhile
the output consistsof caseframesthat representinguistic expressions. For example,the case
frame generatedby U.S.embassyvill be activatedby a variety of expressionsuchas“X was
bombed”,“X andY werebombed”,“X hasbeenbombed”,and“X andY have beenbombed.
Thesewords do not have to be adjacentbecausdhe naturallanguageprocessingsystemuses
syntacticinformationto activate the caseframes. For example,the caseframe <target> was
bombed will be actvatedby the sentencéoelav in which the verb (“bombed”) andthe subject
(“Telecom”)have mary wordsbetweerthem.

TELECOM, COLOMBIA’S SECOND LARGEST TELECOMMUNICATION UTILITY, WAS
MERCILESSLY BOMBED YESTERDAY AFTERNOON.

However, mary of the caseframesgeneratedy AutoSlogwill not reliably extract relevant
information. AutoSlogcancreatebizarreor overly generalpatternsfor a variety of reasonsin-
cludingfaulty sentencanalysisjncorrectprepositionaphraseattachmentor insufficientcontext.
Soapersonmustmanuallyreview the caseframesanddecidewhich onesarereliableenoughfor
thedomain.A simpleuserinterfaceallows a userto scaneachpatternandclick anacceptor reject
button. The manualreview processs very fast;it took a useronly five persorhoursto filter 1237
caseframesgeneratedy AutoSlogfor the MUC-4 terrorismdomain[Ril96a]. The caseframes
acceptedy the userbecomehefinal dictionaryfor thedomain.

AutoSloghasbeenusedto generateeaseframesfor threedomains:terrorism,joint ventures,
andmicroelectronic$Ril96a]. In theMUC-4 terfgrismdomain,adictionaryof casdramescreated



by AutoSlogachieved 98% of the performancef the hand-craftedlictionarythatachievzed good
resultsin the MUC-4 evaluation[Ril93].

AutoSlogwasa majorcontritution towardreducingthe knowledge-engineeringottleneckfor
informationextractionsystemsPreviously, caserameshadto bemanuallydefinedby peoplewho
had experiencewith naturallanguageprocessingthe domain,andthe sentencenalyzer Using
AutoSlog,a dictionaryof domain-specificaseframescould be constructecautomatically given
anannotatedraining corpusanda few hoursof time for manualreview.

But thereis still asubstantiabottlenecKurking underneatiAutoSlog:the needfor a specially
annotatedraining corpus. Generatinghe training corpusis both time-consumingand difficult.
Theannotatiorprocessanbedeceptvely tricky. Theuserneeddo tagrelevantnounphrasesbut
whatis a nounphrase?Even simple NPsmay includenounmodifiers,asin “the heaily armed
FMLN guerrillas: Shouldtheuserincludeall of the modifiers,only therelevantmodifiers,or just
theheadnoun?Nounphrasesanalsobe quite comple, including conjunctionsappositves,and
prepositionaphrases.Shouldthe usertag all conjunctsandappositvesor just someof them?If
not all of them,thenwhich ones?Prepositionaphrasesansubstantiallichangethe meaningof
the conceptthatthey modify. For example,“the presidenbf SanSalhador” is differentfrom “the
presidenpf Colombia’ How do you dictatewhich prepositionaphrasesareessentiahndwhich
onesarenot? The annotatiorprocessanbe confusingandarbitrary resultingin inconsistencies
in thetaggedrainingcorpus.While theannotatiorprocesss lessdemandinghangeneratingase
framesby handi,it is still amajorundertaking.

In the next section,we describethe successoto AutoSlog, called AutoSlog-TS,which cre-
atescaseframesfor information extraction without the needfor an annotatedraining corpus.
AutoSlog-TSneedonly a preclassifiedraining corpusconsistingof relevantandirrelevantsam-
ple texts for thedomain.

3.2 AutoSlog-TS:generatingcaseframes fr om untaggedtext

The AutoSlog-TSdictionaryconstructiorsystems designedo createdictionariesof caseframes
usingonly a preclassifiedext corpus.As input, AutoSlog-TSneedgwo pilesof texts: onepile of
texts thatarerelevantto the tagetdomain,andonepile of texts thatareirrelevantto the domain.
Nothinginsidethetexts need4o betaggedn ary way. Themotivationbehindthis approachs that
it is relatively easyfor apersorto generatesuchatrainingcorpus.Theusersimply needgo beable
to identify relevantandirrelevantsampletexts. Anyonefamiliar with the domainshouldbe able
to generate training corpuswith minimal effort. The goalof AutoSlog-TSis to exploit this very
coarsdevel of domainknowledgeto generateasdramesthatrepresentmportantdomain-specific
expressions.

AutoSlog-TSis essentiallyan exhaustve versionof AutoSlogcombinedwith statisticalfeed-
back.Thedictionaryconstructiorprocessonsistof two stagespatterngeneratiorandstatistical
filtering. Figure5* illustratesthis process.
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Stage 1

preclassifiedtexts
I
\asi e
: |

Sentence S:  World TradeCenter AutoSlod
=»\: wasbombed —) ot =) | <x>washombed
Analyzer PP: by terrorists Heuristic bombedby <y>

ConceptNodes:

preclassifiedtexts Stage 2
% % ConceptNode REL%
\ Sentence m—p | <X>Wasbombed  87%
ConceptNode Analyzer bombedby <y> 84%
Dictionary: | === <w>waskilled  63%
<w> waskilled Sz>saw
<x>wasbombed
bombedoy <y>
<z>saw

Figure5: AutoSlog-TSflowchart

In Stagel, AutoSlog-TSpretendgshatevery nounphrases a candidatdor extraction. A sen-
tenceanalyzeyr CIRCUS,is usedto identify all of thesimpleNPsin atext. For eachnounphrase,
the heuristicrulesshown in Figure4 areappliedto generatextraction patterns.Onedifference
betweenAutoSlogand AutoSlog-TSis that AutoSlog-TSallows all applicablerulesto fire. For
example,giventhe sentencéterroristsattacled the U.S. embassy’andthe noun phrase‘terror-
ists”, boththe <subject> active-verb and<subject> verb dir ect-objectruleswould apply. Two
extractionpatternsvould be generated< perpetrator> attacked and <perpetrator > attacked
embassy

Allowing multiple rulesto fire gives AutoSlog-TSadditionalflexibility. AutoSlog-TScan
createseveral patternsof varyinglengthto extractthe sameinformation. Ultimately, the statistics
will revealwhethertheshorteymoregenerapatternhassufiicientreliability or whetherthelonger
more specific patternis needed. We could have allowed the original AutoSlog systemto fire
multiple rules aswell, but it would have multiplied the numberof caseframesthat hadto be
manuallyreviewed. As we will explain shortly, AutoSlog-TSusesstatisticalinformationto rank
orderthe caseframessoonly the mostpromisingcaseframesneedto bereviewed.

Thepurposeof Stagel is to createa giantdictionaryof caseframesthatareliterally capableof
extractingevery nounphrasen thetrainingcorpus.In experimentswvith 1500textsfrom theMUC-
4 terrorismcorpus AutoSlog-TScreated32,345uniquecaseframes[Ril96b]. Someof thesecase
framesrepresentlomain-specifipatternsput mostof themrepresengeneralkexpressionshatare
not specificto thedomain.
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In Stage2, we usestatisticalfeedbackio separateéhe domain-specificaseframesfrom the
generabnes.Thissteptakesadvantageof thepreclassifiechatureof thetrainingcorpusto generate
relevancestatisticsfor eachcaseframe. Thefirst stepis to load all of the caseframesinto the
sentenceanalyzerand reprocesshe training corpus. Eachtime a caseframe s activated, we
recordwhetherit wasactivatedin arelevanttext or in anirrelevanttext. Whenthe entiretraining
corpushasbeenreprocessedye generatdinal relevancestatisticsfor eachcaseframe. For each
caseframe,we estimatehe conditionalprobabilitythatatext is relevantgiventhatit actvatedthe
caseframe.Theformulais:

rel—freq;
total— freq;

Pr(relevant text | text contains case frame;) =
whererel — fregq; isthenumberof instance®f case — frame; thatwereactvatedin relevanttexts,
andtotal — freq; is thetotalnumberof instance®f case — frame; thatwereactivatedin thetraining
corpus.For simplicity, we will referto this probabilityestimateasa caseframesrelevancerate

Note that caseframesrepresentingyeneralexpressionswill be actvatedin bothrelevantand
irrelevanttexts. For example expressiondik e “wasreported’will appeain awide varietyof texts.
If the corpuscontainsa 50/50split of relevantandirrelevanttexts, thenwe would expectgeneral
caseframesto have abouta 50% relevancerate. Our approachs basedon the intuition thatthe
domain-specifiexpressionsill be muchmorecommonin relevanttexts thanin irrelevanttexts
sothedomain-specificaseframeswill have higherrelevancerates.

After the corpushasbeenprocesse@ secondime, we rank the caseframesin orderof rele-
vanceto thedomain.In recentexperimentqRil96b], we usedthefollowing rankingfunction.

score; = relevance rate; x logy( frequency;)

Oneexceptionis that caseframeswith arelevancerate < 0.5receved a scoreof zerosincethey
werenegatively correlatedwith the domain(the training corpuswas50% relevant). The ranking
function givesweightto both a caseframes relevancerateaswell asits overall frequeng in the
training corpus. For example,if a caseframeis actvatedonly twice in a large corpusthenit
is probablynot very important. On the otherhand,caseframesthat are actvatedfrequentlybut
have only a moderateaelevancerate (say 70%) mayin factbe very importantto the domain. For
example theexpressiorfX waskilled” is acrucialpatternfor theterrorismdomainbecaus@eople
areoftenkilled in terroristincidents. But peoplearealsokilled in mary othertypesof eventsso
this patternwill appeaiin irrelevanttexts aswell. Our rankingfunction givespreferencedo case
frameswith eitherahigh frequeny anda moderateelevancerate,or amoderatdrequeny anda
high relevancerate. We do not claim thatthis is the bestpossiblerankingfunction, but it seemed
to work fairly well in our experiments.

If the rankingfunction doesits job, thenthe domain-specificaseframesshouldfloat to the
top. Therankingfunctionis crucialbecausehe dictionaryof caseframesis solargethatit would
be unreasonabl& expecta personto review themall by hand. Oncethe caseframesareranked,
a personcanskim the “best” caseframesoff thféop. Oneof the mainadwantage®f theranking



schemas thatit prioritizesthe caseframesfor manualreview sothatthe strongestaseframesare
reviewedfirst, andthe usercanreview thosefurtherdown on thelist astime permits.

We applied AutoSlog-TSto the 1500 MUC-4 developmenttexts [MUC92], of which about
50% wererelevant. AutoSlog-TSgenerated2,345uniquecaseframes. Due to memorycon-
straints we threw away all caseframesthatwereproposednly oncesincethey werenotlikely to
beveryimportant® Thisleft uswith 11,225uniquecaseframes whichwe loadedinto the system
for Stage2. We thencomputedherelevanceratefor eachof thesecaseframesandrankedthem
usingthe scoringfunctionjust described.The 25 top-ranled patterngin thelist of 11,225ranked
caseframes)appeaitn Figure6.

1. <subp> exploded 14. <subp> occurred

2. murderof <np> 15. <subjp> waslocated
3. assassinatioaf <np>  16.took placeon <np>

4. <subp> waskilled 17.responsibilityfor <np>
5. <subjp> waskidnapped 18.occurredon <np>

6. attackon <np> 19.waswoundedn <np>
7. <subp> wasinjured 20.destrged <dobp>

8. explodedin <np> 21.<subp> wasmurdered
9. deathof <np> 22.oneof <np>

10. <subj> took place 23.<subp> kidnapped
11.causedcdobp> 24.explodedon <np>
12.claimed<dobp> 25.<subp> died

13. <subjp> waswounded

Figure6: The Top 25 ExtractionPatterns

Mostof theseexpressiongreclearlyassociatedvith terrorism sotherankingfunctionappears
to bedoinga goodjob of pulling the domain-specifiexpressionsip to thetop. The next stepis
to have a personreview the mosthighly ranked patterns.The manualreview processenestwo
purposes(1) asconfirmatiorthata patternis relevantto thedomain,and(2) to labelthecaserame
with aneventtypeandaconceptuatole for theextractedtem. For example thefirst caseframein
Figure6, <subj> exploded shouldbelabeledasa bombingcaseframethatwill probablyextract
aninstrumentasin “a carbombexploded. Thesecondcaseframe, murder of <np>, shouldbe
labeledasamurdercaseramethatwill likely extractavictim, asin “the murderof themayor’” The
22ndcaseframe,oneof <np>, is anexampleof a caseframethatthe userwould probablyreject
asa statisticalartifact. Althoughit may have hada high relevanceratein thetraining corpus,the
expressioroneof <X> is notspecificto terrorismandwould probablyextracttoo muchirrelevant
information.

We manuallyreviewedthetop 1970caseframesin therankedlist andretained210of themfor
thefinal dictionary Themanuakeview processook approximatel\85 minutes.Therelatively low
numberof acceptableaseramess somavhatmisleadingoecauséheacceptanceatedroppedoff
sharplyafterthefirst few hundred.Thefastmanualreview timeis alsodueto therankingscheme.
Most of the good caseframesclusteredat the top, so after the first few hundredcaseframes
the review processmainly consistedf clicking the rejectbuttonto dismissobviously irrelevant
patterns. 17



3.3 Experimentswith Autoslog-TS

AutoSlog-TSwasdesignedo beanextensionof AutoSlogthatsubstantiallyeduceshehumanef-

fort neededo generatappropriatdrainingtexts, while still producingagooddictionaryof extrac-
tion patterns Our goalwasto shaow thatthe dictionariegproducedoy AutoSlogandAutoSlog-TS
achieze comparablgerformance.

We compareddictionariescreatedby AutoSlog and AutoSlog-TSfor the MUC-4 terrorism
domain. Detailsof this experimentcanbe foundin [Ril96b]. We evaluatedboth dictionariesby
manuallyreviewing their outputon 100 blind texts from the MUC-4 testset. We thencomputed
recall, precisionandF-measurecoredor eachdictionary Theresultsappeain Tablel.

AutoSlog AutoSlog-TS
Slot Recall| Prec.| F | Recall| Prec.| F
Perpetraton .62 .27 | .38 .53 .30 | .38
Victim .63 .33 | 43 .62 .39 | .48
Tamet .67 33 | .44 .58 39 | 47
Total .64 31 | 42 .58 .36 | .44

Tablel: Comparatie Results

Theresultsshav thatthe AutoSlogdictionaryachieredslightly higherrecall,andthe AutoSlog-
TSdictionaryachieredslightly higherprecisiorandF-measurscores Ouranalysisof theraw data
shavedthatthe differencesn correctandmissingoutputwerenot statisticallysignificantevenat
the p < 0.20significanceevel, but the differencein spuriousoutputwas statisticallysignificant
atthe p < 0.05significancdevel. We concludethattherewasno significantdifferencebetween
AutoSlogand AutoSlog-TSin termsof recall, but AutoSlog-TSwassignificantlymore effective
atreducingspuriousextractions.

While the absolutedifferencesn correctand missingoutputwere not significant,AutoSlog
did slightly outperformAutoSlog-TSin recall. Onepossibleexplanationis thatAutoSlog-TSis at
the merq of the rankingfunction becausexa humancannotreasonablyoe expectedto review all
of the11,000+extractionpatterngroducedy AutoSlog-TS.Themostimportantdomain-specific
patterngnustberankedhighly in orderto be consideredor manualreview. We believe thatthere
weremary goodextractionpatternsourieddeepin therankedlist thatdid not getreviewed. If so,
thenAutoSlog-TSis ultimately capableof producinghigherrecallthanAutoSlog.

As furtherevidenceof this, we obsened that AutoSlog-TSproducedl58 caseframeswith a
relevancerate> 90%andfrequenyg > 5, but only 45 of themwerein the AutoSlogdictionary Fig-
ure 7 shavs someof thethe caseframesthatclearlyrepresenpatternsassociateavith terrorism?®
However, mary of thesepatternshadrelatively low frequeng countsandwerenotrankedhighly.

We alsowantedto demonstratéhatAutoSlog-TScouldbeusedor tasksotherthaninformation
extraction.Sowe usedthe caseframesgeneratedby AutoSlog-TSfor atext classificatiortask.In
previous researchwe developeda text classificationalgorithm called the relevancy signatues
algorithm [RL94] that usesextraction patternitg recognizekey phrasedor classification. The



wasassassinatad X assassinatiom X X orderedassassination
wascapturedoy X captureof X X managedo escape
wasexplodedin X damagen X X expressedsolidarity
wasinjuredby X headquartersf X  perpetrate@dn X
waskidnappedn X targetsof X hurledat X
wasperpetratedn X wentoff on X carriedout X

wasshotin X X blamed suspecte&
wasshotto_deathon X X defused to protestX

X washit X injured to arrestX

Figure7: Patternfoundby AutoSlog-T Sbut not by AutoSlog

taskis to automaticallyclassifynew texts asrelevantor irrelevantto a specificdomain. We used
the hand-craftedictionary of extraction patternsin our previous text classificationexperiments
[RL94], but AutoSlog-TSprovidesa new opportunityto seedthe algorithmwith a muchlarger
setof potentialpatterns. The statisticsshouldultimately decidewhich onesare mostuseful for
makingdomaindiscriminations.

We gave therelevang signatureslgorithmthe samesetof 11,225caseframesgeneratedy
AutoSlog-TSfor theterrorismdomain,andtrainedthealgorithmusingthe 1500developmentexts
from the MUC-4 corpus.We evaluatedthe algorithmon two blind setsof 100texts each.Onthe
first testset,the AutoSlog-TSdictionaryandthe hand-craftedlictionaryachiezed similar results.
On the secondtest set, however, the AutoSlog-TSdictionary producedseveral datapoints with
100%precisionwhile the hand-craftedlictionarydid not produceary. Overall, the AutoSlog-TS
dictionaryperformedat leastaswell asthe AutoSlogdictionary Detailsof this experimentcanbe
foundin [RS95].

In summaryAutoSlog-TShasbeenusedto createa dictionaryof caseframesfor the MUC-4
terrorismdomainthatperformedwell on bothinformationextractionandtext classificatiortasks.
AutoSlog-TSappearso beatleastaseffective asAutoSlogat producingusefulextractionpatterns,
althoughmore experimentsneedto be donewith differentrankingfunctionsandadditionaldo-
mains.Perhapsnostimportantly AutoSlog-TSsharplyreducegshe amountof manualknowledge
engineeringequiredto createa dictionary of domain-specifiextraction patterns. AutoSlog-TS
is thefirst systemthat cangeneratelomain-specificaseframesusingonly raw text asinput. So
far, thesecaseframeshave beenappliedto informationextractionandtext classificatiortasks but
perhapsAutoSlog-TSor similar systemswill ultimately be ableto producemore complex case
framesfor othernaturallanguageprocessingasksaswell.
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4 Information Extraction and Story Understanding: Bridging
the Gap

Researchn informationextractionhasmadegood progressn recentyears,but will it have any
impacton computationamodelsof story understandingnly time will tell, but perhapssome
comparisonsvill shedlight ontheissue.

For one,bothinformationextractionandstory understandingequirenaturallanguageunder
standing. This might seemlik e a trivial statementput it is importantto remembethatthey are
both subjectto the sameproblemsof ambiguity idiosyncrag, anda strongdependencen world
knowledge. Researchn bothfields hastried to minimize theseproblemsby focusingon narrav
domains. An informationextractiontask, by definition, specifiesthe domainof interestandthe
typesof informationwhich mustbeextracted.Therestricteddomainandthefocusedatureof the
taskcangreatlysimplify dictionaryconstructionambiguityresolution,anddiscourseprocessing.
Similarly, story understandingystemausuallyfocuson a singledomainor certainaspectof the
world in orderto minimizetheknowledge-engineeringffort.

A key differencebetweeninformation extraction and story understandings that the latter
strivesto understandhe entire story Thesetwo paradigmgepresent tradeof betweendepth
andscalability Informationextractionsystemdimit depthby focusingon certaintypesof infor-
mationanda specificdomain.In exchangefor limited depth,|E systemsaneffectively processa
wide variety of texts within the domain. Story understandingystemspn the otherhand,aim for
deepunderstandingf whole texts, but usually cannoteffectively processarbitrarytexts without
additionalknowledgeengineering.One notableattemptto bridgethis gapwasthe FRUMP sys-
tem[DeJ82],which hadits originsin the story understandingommunitybut could be viewed as
anearlyinformationextractionsystenthatcouldrecognizecertaintypesof eventsin unrestricted
text.

The depth/scalabilitytradeof reflectsthe knowledgeengineeringoottleneckassociatedvith
building naturallanguageprocessingystems.The growing interestin automatedknowledgeac-
quisition shouldbring the two communitiesclosertogether Information extractionresearchers
andstoryunderstandingesearchersouldlearna lot from eachother Theinformationextraction
communityhaslearneda greatdeal aboutrobust parsing,caseframe generationand discourse
analysis.At leastasimportantis the experiencehatcomeswith processindarge amountsof real
text. Building an IE systemis typically an empiricalendeaor and IE researcherbave cometo
appreciatehatsomewell-known NLP problemsandphenomenalo not appeawery oftenin real
text, while otherproblemsaremuchmorecommonthanonemight expect.

Ontheothersideof thefence,storyunderstandingesearcherBave along history of expertise
with complex knowledgestructuresandinferencegeneration.Ultimately, continuedprogressn
informationextractionwill dependnrichersemanticsknowledgestructuresandinferencemech-
anisms.Althoughrestrictingthe domainsimplifiesmary aspect®f languagegrocessingit is not
a panacedor languageunderstandingThe performancef currentlE technologywill likely run
up againsta ceiling effect unlessmoreconceptuaknowledgeis broughtto bearon the problem.
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If future IE systemswill needto usemoreconceptuaknowledge,wherewill this knowledge
comefrom? Theinformationextractionparadignrevolvesaroundpracticalapplicationsandlarge
text collections,soit is imperatve that the necessarknowledgecan be acquiredwith little ef-
fort. From this vantagepoint, perhapshe most pragmaticapproachs to build graduallyupon
currentlE technology For example,can extraction patternsbe mappedinto conceptualprimi-
tives?Cancombination®f extractionpatterngor primitives)be usedto representnorecomplex
knowledgestructuresTanautomatedlictionaryconstructiorsystemdik e AutoSlog-TSbe used
to learnmore complec structures?By exploiting the practicalnatureof IE technologyandthe
insightsandtheoriesdevelopedby story understandingesearchersye canentertainthe exciting
possibilityof building increasinglyintelligentNLP systemghatarepracticalfor large-scaleappli-
cations.Althoughthe grandchallengeof developinga broad-ceeragejn-depthnaturallanguage
understandingystemmay still be a long way off, an effective synegy betweennformationex-
tractionand story understandingnay prove to be a promisingstartingpoint for real progressn
thatdirection.
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Notes

' An anecdotdrom an early messageinderstandingonferencenicely illustratesthis point. Many of the news
articlesin the corpusmentioneda particularspolespersonbut he was almostalways mentionedn texts that were
not relevantto the terrorismdomainof interest. His namewas so common,that onesite beganusinghis nameasa
keyword to identify irrelevanttexts. But onedaythe spolespersonvaskilled in aterroristincident,thusbecominga
victim himself. Fromthatpointon, virtually everytext containinghis namewasrelevant.

2Theseactivating conditionsare domain-specifi@and would likely be proneto falsehits if the caseframe was
appliedto amoregeneralkorpus.

3In ourexperimentsAutoSlogusedthe MUC templatessinput, but anannotatedrainingcorpuswould have been
sufficient.

4Figureb5 refersto concepinodes which arethe caseframestructuresisedby CIRCUS.
5 AutoSlogoftenproposeshe samecaseframemultiple timeswhendifferentnounphrasespavn the sameextrac-
tion pattern.For example the caseframerepresentinghe expressiomrmurder of <victim > wasproposedn response

to mary differentsentences.

6Theconnectedvordsrepresenphrasesn CIRCUS' lexicon.
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